In Brief
Huang and Ferris et al. uncover diverse forms of non-genetic allelic effects in vivo in the mouse and primate brain that can interact with heterozygous mutations to generate mosaics of brain cells that differentially express mutant versus wildtype alleles.
SUMMARY
Interactions between genetic and epigenetic effects shape brain function, behavior, and the risk for mental illness. Random X inactivation and genomic imprinting are epigenetic allelic effects that are well known to influence genetic architecture and disease risk. Less is known about the nature, prevalence, and conservation of other potential epigenetic allelic effects in vivo in the mouse and primate brain. Here we devise genomics, in situ hybridization, and mouse genetics strategies to uncover diverse allelic effects in the brain that are not caused by imprinting or genetic variation. We found allelic effects that are developmental stage and cell type specific, that are prevalent in the neonatal brain, and that cause mosaics of monoallelic brain cells that differentially express wild-type and mutant alleles for heterozygous mutations. Finally, we show that diverse non-genetic allelic effects that impact mental illness risk genes exist in the macaque and human brain. Our findings have potential implications for mammalian brain genetics.
INTRODUCTION
Recent genomic studies of neuropsychiatric disorders created a wealth of data on the genetics of these disorders (Gratten et al., 2014; McCarroll et al., 2014) . Less is known about how epigenetic mechanisms interface with genetic mutations to cause brain dysfunction. Studies of genomic imprinting and random X inactivation demonstrated that epigenetic effects impacting a single allele can profoundly influence genetic architecture, phenotypes, and disease susceptibility (Deng et al., 2014a; Peters, 2014) . Genomic imprinting effects are relatively enriched in the brain, but they impact the expression of fewer than 200 autosomal genes in the mouse and human (Babak et al., 2015; Bonthuis et al., 2015; Perez et al., 2015) . Thus, the mechanisms controlling gene expression for most autosomal genes are thought to regulate both alleles equally. However, since genetic risk factors for mental illness are frequently heterozygous in affected individuals-meaning only one allele is mutated-the discovery of other epigenetic allelic effects in vivo that influence the expression of wild-type (WT) versus mutant (MT) alleles could improve our understanding of brain genetics.
Autosomal, epigenetic allele-specific expression (ASE) effects other than imprinting have been described (Chess, 2016) . In vivo, antigen receptors, olfactory receptors (ORs), and clustered protocadherins exhibit monoallelic expression. From in vitro studies, random monoallelic effects have also been observed for many autosomal genes in human and mouse lymphoblastoid cell lines (Gimelbrant et al., 2007; Zwemer et al., 2012) , neural stem cell lines (Jeffries et al., 2012) , and embryonic stem cell (ESC) lines (Eckersley-Maslin et al., 2014; Gendrel et al., 2014) . Further, studies of human ESCs showed that ASE and allele-specific chromatin structures are widespread (Dixon et al., 2015) . However, these studies focused on cell lines, which can exhibit epigenetic instability that impacts allelic expression (Mekhoubad et al., 2012; Nazor et al., 2012; Stadtfeld et al., 2012) .
Studies of transcription at the single-cell level also uncovered autosomal ASE effects (Borel et al., 2015; Deng et al., 2014b; Marinov et al., 2014; Raj and van Oudenaarden, 2008) , though it is unclear which effects are due to transcriptional noise and which are bona fide in vivo ASE effects. A recent single-cell transcriptome analysis of clonally derived mouse fibroblasts and human T cells concluded that clonal, random monoallelic effects similar to X inactivation are rare on the autosomes (Reinius et al., 2016) ; this challenges previous studies of random monoallelic effects in cell lines. Overall, a better understanding of the nature, diversity, prevalence, and conservation of epigenetic ASE effects in vivo is needed.
ASE effects in vivo in the mouse (Crowley et al., 2015; Pinter et al., 2015) and in different human tissues (Leung et al., 2015; Roadmap Epigenomics Consortium et al., 2015) have been largely attributed to genetic variation in cis-regulatory regions; this can cause allelic differences in chromatin states and gene expression (Heinz et al., 2013; Kasowski et al., 2013; Kilpinen et al., 2013) . Currently, in vivo approaches to detect epigenetic random monoallelic effects are limited to an indirect chromatin signature derived from cell lines (Nag et al., 2013; Savova et al., 2016) . Thus, beyond a few select cases, we know little about the nature and prevalence of non-genetic ASE effects in vivo.
Here, we introduce a genomics strategy and statistical framework to perform genome-wide screens for diverse forms of non-genetic allelic expression effects in vivo in the mouse and primate brain. The approach is designed to detect imprinting, random monoallelic expression and other possible allelic effects. We apply our methodology in the mouse to investigate whether non-genetic ASE effects are especially prevalent for specific developmental stages, brain regions, and tissue types and whether they impact the cellular expression of heterozygous mutations in vivo. By further screening for allelic effects in the macaque brain, we investigate the conservation of non-genetic allelic effects between mice and primates and determine whether these effects impact genes linked to mental illness in the macaque and human brain. Our study provides evidence for diverse non-genetic allelic effects in the mammalian brain that are not due to imprinting but can shape genetic architecture at the cellular level and arise in a developmental-stage and cellspecific manner.
RESULTS

An In Vivo Genome-wide Approach to Detect Diverse Non-genetic ASE Effects
To screen for diverse ASEs in vivo, we developed a genomics approach that tests the assumption that most genes express their maternal and paternal alleles equally (allele co-expression). The approach is based, in part, on our previous study of genomic imprinting (Bonthuis et al., 2015) in which RNA-seq is performed on tissue from CastEiJ (Cast) 3 C57BL6/J (B6) F1 hybrid offspring derived from initial (F1cb, Cast mother 3 B6 father) and reciprocal (F1bc, Cast father 3 B6 mother) crosses. Here, instead of defining imprinting effects, we test for allele coexpression by examining the correlation of maternal and paternal allele expression levels across many RNA-seq biological replicates from different F1cb and F1bc hybrid mice. The approach potentially detects: (1) allele co-expression effects (CoEEs), whereby maternal and paternal allele expression is strongly correlated; (2) differential allele expression effects (DAEEs), whereby the maternal and paternal alleles are weakly correlated or not correlated; and (3) antagonistic allele expression effects (AAEEs), for which increased expression of one allele is associated with decreased expression of the other ( Figure 1A) . At the cellular level, allele CoEEs are expected to involve biallelic expression, DAEEs could arise due to canonical genomic imprinting or other diverse allelic effects, and AAEEs are expected to involve random monoallelic effects for which maternal allele-expressing cells arise at the expense of paternal allele-expressing cells and vice versa ( Figure 1A ). F1 hybrid mice are derived from isogenic lines, eliminating allelic effects due to genetic variation. Further, by focusing on gene expression at the tissue level, transcriptional noise and bursting in individual cells is averaged across all cells in the tissue sample, eliminating this cellular noise (Piras and Selvarajoo, 2015) .
For our screen, we initially focused on the dorsal raphe nucleus (DRN), which is the largest serotonergic nucleus innervating the forebrain and which regulates a variety of brain functions implicated in mental illness (Soiza-Reilly and Commons, 2014) . We collected RNA-seq data for several F1cb (n = 9) and F1bc (n = 9) biological replicates for the adult female DRN and tallied maternal and paternal allele expression levels (Bonthuis et al., 2015) . Females are used so that random monoallelic X-linked genes can be used as an internal control (see below). To analyze allele co-expression patterns across replicates, we center and whiten the allele expression data for the F1cb and F1bc crosses (see STAR Methods) and then compute the Pearson correlation for maternal and paternal allele expression levels across all 18 replicates for each gene (Figures 1B and 1C) . We refer to the observed Pearson correlation between the two alleles as the ''r a '' value ( Figure 1C ). Our approach revealed autosomal genes with putative allele CoEEs (Fuca2), DAEEs (Bmp7), or AAEEs (Adora2b) ( Figure 1D ). However, low r a values indicating DAEEs or AAEEs could simply be caused by noise in the data. To address this problem, we devised an empirical Bayesian approach to estimate the 95% confidence interval (CI) for the ground-truth biological r a value (r ab ) for any expressed gene ( Figure 1E ; also see STAR Methods and Figure S1 ). With our approach, we defined the r ab 95% CI for each gene expressed in the adult female DRN and observed high-confidence AAEEs for random, monoallelic X-linked genes ( Figure 1E ; Cd99l2, Mageh1), DAEEs for known canonical imprinted genes ( Figure 1E ; Zrsr1, Zdbf2), and allele CoEEs for some autosomal genes ( Figure 1E ; Hsd11b1, Vps4b). Below, we use this general methodology to uncover diverse, non-genetic ASE effects in vivo in the mouse and primate.
Diverse Allelic Effects Exist In Vivo in the Mouse, and ASE Effects Predominate in the Neonatal Brain We screened for non-genetic allelic effects in the mouse to uncover the diversity of allelic effects that exist in vivo, to discover the identity of the impacted genes, and to test whether ASEs are enriched in particular stages of brain development, brain regions, or tissue types. From the adult female DRN data, we defined genes with high-confidence AAEEs as those with an upper-bounded r ab 95% CI % 0, indicating a negative allele correlation ( Figure 2A ). To define criteria for high-confidence DAEEs and CoEEs, we examined the data for random monoallelic X-linked genes. We found that 94% of the 517 X-linked genes expressed in the adult female DRN have an upper-bounded 95% CI % +0.75 ( Figure 2B ), indicating a threshold to detect random monoallelic effects across the different expression level and variance conditions in the data (see STAR Methods). Only one X-linked gene, Ddx3x, has a lower-bounded r ab 95% CI R +0.75, and this gene is known to escape X inactivation (Yang et al., 2010;  Figure S4D ). Therefore, we defined highconfidence allele CoEEs as genes with a lower-bounded r ab 95% CI R +0.75, indicating a robust positive correlation, and defined DAEEs as genes with an upper-bounded r ab 95% CI % +0.75, like X-linked genes ( Figure 2A) .
We further defined three subcategories of DAEEs. The first category includes genes with an upper-bounded 95% CI % +0.75 (Figures 2A and 2B) . The second and third categories capture more robust DAEEs for genes with an upper-bounded CI % +0.5 and CI % +0.25, respectively (Figures 2A and 2B) . Notably, 100% of the canonical imprinted genes in the adult mouse DRN (Bonthuis et al., 2015) meet our criteria for high-confidence DAEEs or AAEEs. Further, six known monoallelic protocadherin genes (Hirano et al., 2012) have DAEEs, including Pcdhb12, Pcdhb3, Pcdhb15, Pcdhb10, Pcdhb6 , and Pcdhb20, but none of the expressed biallelic Pcdh genes have DAEEs (Table S1 ). Genes with AAEEs or DAEEs are not enriched among genes with strong (A) Schematic of the expected relationship between different allelic effects at the cellular level and maternal and paternal allele-correlated expression patterns at the tissue level. Black arrows indicate the expressed alleles in individual cells. Linear regression line schematics depict the relative expression patterns of the two alleles across replicates (allelic expression), with the red arrow indicating increasing maternal allele expression and the blue arrow indicating increasing paternal allele expression. The slope of the regression line depicts the co-expression relationship between the two alleles. Biallelic expression promotes allele CoEEs, genomic imprinting promotes DAEEs, cell-type-specific genomic imprinting or random monoallelic expression promotes partial DAEEs, and random monoallelic expression in all cells promotes AAEEs (see text). (B and C) Example of maternal (red dot) and paternal (blue dot) allele expression patterns across RNA-seq biological replicates (n = 18) for Fuca2 in the DRN of adult female F1cb and F1bc mice (B). Note the correlated expression of the two alleles despite complex cross and parent-of-origin effects. After centering the F1cb and F1bc RNA-seq data, the variance in the expression levels of the maternal (red plus) and paternal (blue circle) alleles reveals correlated allelic expression patterns (r a = +0.9) (C). (D) RNA-seq analysis of maternal and paternal allele expression correlation (r a ) reveals genes with co-expressed alleles (Fuca2), genes with DAEEs (Bmp7), and genes with AAEEs (Adora2b). (E) Schematic of the presentation of the observed r a and estimated r ab 95% CI for individual genes. Below are examples of random monoallelic X-linked genes with AAEEs (cd99l2, Mageh1), canonical imprinted genes with DAEEs (Zrsr1, Zdbf2), and autosomal genes with allele CoEEs (Hsd11b1, Vps4b).
Cast or B6 allele expression biases ( Figures S2A-S2C ). This result supports the non-genetic nature of the allelic effects and is expected because Cast versus B6 allelic differences are the same in each of the F1 hybrid offspring and are not an expected source of DAEEs or AAEEs. Genes with AAEEs or DAEEs do not have reduced expression levels or fewer SNPs relative to other autosomal genes ( Figures S2D-S2F) ; however, genes with allele CoEEs exhibit higher expression levels ( Figure S2E) . Overall, our screen has excellent sensitivity and specificity for the detection of diverse and robust non-genetic allelic effects in vivo.
In the adult female DRN, we found that 70% of the 13,909 autosomal genes analyzed do not meet criteria for high-confidence allelic effects ( Figure 2B , e.g., chromosome [chr] 12, gray CIs). Most autosomal genes have r ab 95% CIs with an upper bound near +1.0 ( Figure 2B , chr12, gray and red CIs), which reflects the expected trend toward allele CoEEs. Intriguingly however, our screen uncovered four autosomal genes with high-confidence AAEEs (0.02%), 1,834 genes with DAEEs (13%), and 2,341 genes (16%) with allele CoEEs. Therefore, we found 4,179 autosomal genes that are distinguished by their unique allelic effects in the adult DRN.
To compare ASEs at different stages of brain development, we performed our screen in the DRN of post-natal day (P)5 neonates and P15 juveniles and contrasted the results to adults. Remarkably, 88% of autosomal genes in the P5 DRN exhibit high-confidence DAEEs ( Figure 2C ) compared to only 11% in the P15 DRN and 13% in the adult DRN ( Figure 2B ), revealing a profound increase in DAEEs in neonates ( Figure 2D ). The number of genes with high-confidence AAEEs did not change substantially between P5 (0.2%), P15 (0.1%), and adult (0.08%) offspring (Figures 2D and 2F) . However, the number of genes with allele CoEEs increased by over $50-fold in P15 juveniles and adults compared to P5 neonates ( Figures 2D and 2F ). For example, Vti1b exhibits DAEEs in the P5, P15, and adult DRN, while Ank2 and Cntnap2 exhibit DAEEs at P5 but allele CoEEs at P15 and in adults ( Figure 2G ). To independently validate this surprising developmental change, we analyzed independently generated F1cb and F1bc RNA-seq datasets for the female P8 and P60 cerebellum (Perez et al., 2015) . Boxplots of the observed r a values for autosomal genes confirmed a statistically significant age effect involving a genome-wide shift from lower r a values in neonates to higher r a values in older mice in both the DRN and cerebellum ( Figure 2E) . Therefore, independent studies of different brain regions show a developmental shift from DAEEs in the neonatal brain to increased allele CoEEs in the adult brain.
Genomic imprinting effects are enriched in the brain (Babak et al., 2015; Bonthuis et al., 2015; Perez et al., 2015) , and therefore we tested whether the brain is generally enriched for non-genetic ASE effects. We compared allelic effects in the adult female DRN and arcuate nucleus (ARN) of the hypothalamus to liver (endoderm-derived) and skeletal muscle (mesoderm-derived). The results uncovered autosomal genes with high-confidence AAEEs, DAEEs, and allele CoEEs in each brain region (DRN and ARN) and tissue type (brain, liver, and muscle) ( Figures 2D and 2F ). Very few autosomal genes exhibit AAEEs in any tissue (or age) ( Figure 2F ). We found that $17% of autosomal genes in the ARN and muscle exhibit DAEEs compared to 11% in liver and 7% in the DRN, indicating modest brain region and tissue differences. Genes with high-confidence DAEEs in all tissues, such as Pdxdc1, were identified, and so were genes with putative tissue differences in allelic effects, such as Chuk, which has DAEEs in the liver but not in the muscle or ARN ( Figure 2G ). Overall, an enrichment for non-genetic ASE effects in the brain was not observed, and diverse allelic effects are present in all major tissue types in the mouse (Table S1) .
We sought to define the subset of autosomal genes with ASE effects not due to imprinting. Previously, we found that less than $2% of genes exhibit imprinting in the adult female DRN, ARN, liver, and muscle (Bonthuis et al., 2015) . Here, we also profiled imprinting effects in the P5 and P15 female DRN (Table S1 ). With these imprinting datasets, we determined that only $6.9% and $1.5% of all autosomal genes with AAEEs and DAEEs, respectively, are imprinted ( Figure S3A and Table S1 ). Therefore, most of the ASE effects detected in our screen are unrelated to imprinting. We found that these allelic effects are highly reproducible by pyrosequencing (see supplemental data and Figures S3B-S3D ). Finally, we unexpectedly discovered developmental changes to the allelic expression of X-linked genes in the female brain; these results are also presented in a supplemental data section (supplemental data and Figure S4 ). Below, we investigate the cellular nature of autosomal allele CoEEs, DAEEs, and AAEEs in the brain.
Allele CoEEs, DAEEs, and AAEEs Involve Differences in the Prevalence of Biallelic versus Monoallelic Brain Cells In Vivo We hypothesized that DAEEs are related to random monoallelic expression in subpopulations of cells ( Figure 3A) . To discover the cellular nature of AAEEs, DAEEs and allele CoEEs, we resolved allelic expression at the cellular level in mouse brain tissue sections by designing RNAscope probes to rapidly processed introns in the nascent RNA of target genes (Bonthuis et al., 2015) . With this approach, we quantified putative monoallelic and biallelic cells in the female DRN and ventral periaqueductal gray region in isogenic B6 adult females for ten randomly selected genes with r a values ranging from +0.99 to -0.4. Our results reveal that genes with DAEEs or AAEEs exhibit monoallelic expression in more brain cells than genes with allele CoEEs ( Figure 3B ). Indeed, a linear regression analysis found that a lower r a value is associated with a significant increase in the percentage of monoallelic brain cells ( Figure 3B ). For example, Bmp4 has a low r a value of À0.33 and exhibits monoallelic expression in 76% of positive cells and biallelic expression in 24% of positive cells ( Figures 3B and 3C ). In contrast, Mtap1b has an r a value of +0.99 and exhibits biallelic expression in 66% of positive cells ( Figures 3B and 3D ).
We previously found that $25% of apparent monoallelic cells are potentially due to cryosectioning artifacts (Bonthuis et al., 2015) . To determine whether the monoallelic cells observed for genes with high r a values are artifacts, we co-labeled with the biallelic internal control gene and neuron marker Syn2 (Bonthuis et al., 2015) . Co-labeling for Mtap1b+Syn2 in the DRN revealed subpopulations of neurons in the midbrain that exhibit biallelic Syn2 expression but monoallelic expression for Mtap1b (Figure 3E) , suggesting that not all of the monoallelic cells for these genes are artifacts. Indeed, some genes with high r a values, such as Atp8a1, have relatively high numbers of apparent monoallelic cells ( Figure 3B ). We expect that these apparent monoallelic effects are due to transcriptional bursting. Bursting effects are averaged across cells in the tissue in our RNA-seq data, revealing the allele CoEEs at the mRNA and tissue level.
Nr1d1 and Cacng2 are two autism-linked genes that exhibit DAEEs in the P5 DRN but increased allele co-expression in the P15 and adult brain ( Figure 3F ). For these genes, we found a significant decrease in the number of monoallelic cells and an increase in the number of biallelic cells in adults compared to P5 offspring (Figures 3G and 3H) . As a control, Oxtr exhibits similar DAEEs at all ages tested ( Figure 3F ) and no significant change in the prevalence of monoallelic versus biallelic cells in the P5 versus adult DRN (Figures 3G and 3H) . Overall, we conclude that AAEEs and DAEEs involve more monoallelic expression at the cellular level, while allele CoEEs involve more biallelic expression.
DAEEs Shape Genetic Architecture at the Cellular Level In Vivo
We next tested the hypothesis that AAEEs and DAEEs cause mosaics of monoallelic mutant (monoallelic-MT) and monoallelic wild-type (monoallelic-WT) allele-expressing cells for heterozygous mutations in the brain. We obtained heterozygous knockout-LacZ reporter mice on a B6 background for three genes with DAEEs in the P5 and adult brain, including Bmp7, Bmp4, and Adora2b ( Figure 3B and Table S1 ). To detect the cellular expression of WT versus MT alleles in each heterozygous line, we designed RNAscope in situ hybridization probes to detect mRNA from the WT alleles and a probe to detect the LacZ mRNA from the MT allele. RNAscope probes are semiquantitative, and each staining dot corresponds to a single transcript. By co-labeling with probes targeting the WT and MT alleles in the heterozygous mice, we compared the relative expression of the two alleles at the cellular level in the brain.
We first analyzed midbrain tissue sections in P5 and adult Bmp7 +/LacZ mice by co-labeling with probes targeting Bmp7 and LacZ mRNA, and we uncovered subpopulations of cells that preferentially express the MT (LacZ-expressing) allele (Figures 4A' and 4B') , both alleles (Figures 4A'' and 4B''), or the WT allele ((Figures 4A''' and 4B''') . The probe targeting LacZ mRNA yielded very little non-specific staining in Bmp7 +/+ brain tissue ( Figure S5 ). Further, the probe targeting WT Bmp7 mRNA did not exhibit non-specific staining in Bmp7
LacZ/LacZ homozygous brain tissue ( Figure S5 ) and robustly labeled the choroid plexus in E14.5 Bmp7 +/+ embryos ( Figure S5 ), which highly express Bmp7 (Segklia et al., 2012) . Thus, our approach accurately detects expression of MT and WT alleles and reveals that DAEEs can shape genetic architecture at the cellular level in the brain. A similar analysis of MT and WT allelic expression in In our analysis, we observed five general cell classes, including biallelic cells, cells with a MT or WT allele bias, and monoallelic cells that only express the MT or the WT allele ( Figure 5A ). We counted the relative numbers of these five cell classes in the adult female DRN/PAG, the arcuate nucleus (ARN) region of the hypothalamus, the cortex (CTX), and in the meninges. In the Bmp7
+/LacZ , and Adora2b
+/LacZ mice, we found that positive cells in the DRN/PAG, ARN/HYP, and CTX are predominantly monoallelic for either the WT or MT allele; a subpopulation of cells exhibit allele expression biases; and a smaller subpopulation exhibit biallelic expression ( Figure 5B ). We further found that the number of WT-versus (F-H) Plots of the r a values and r ab 95% confidence intervals for two genes that shift from DAEEs at P5 to allele co-expression in the adult DRN (Nr1d1 and Cacng2) and one gene that exhibits DAEEs at P5 and P15 and a trend toward DAEEs in adults (Oxtr) (F). Examples of monoallelic and biallelic cells in the P5 versus adult female B6 DRN and ventral periaqueductal gray region (G). More monoallelic cells are observed in the P5 than the adult for Nr1d1 and Cacng2, but not for Oxtr. Cell counts reveal significantly more monoallelic than biallelic cells in P5 neonates compared to adults for Nr1d1 and Cacng2, but no difference for Oxtr, consistent with r ab data for these genes (H). N = 4, Student's t test, *p < 0.05, **p < 0.01. (legend on next page)
LacZ-allele-expressing cells in the DRN/PAG and CTX is not significantly different for Bmp7 and Bmp4 ( Figure 5B ); however, a significant bias to monoallelically express the WT allele was observed in the ARN/HYP for both genes ( Figure 5B ), revealing a difference in the genetic architecture between the brain regions. For Adora2b, a significant bias to express the WT allele was observed in the DRN/PAG, ARN/HYP, and meninges, and a trend exists in the CTX ( Figure 5B ). Thus, the relative prevalence of monoallelic-MT and monoallelic-WT brain cells can be gene, cell, and brain region specific. In contrast to the cells analyzed in other brain regions, the majority of Bmp7+ and Bmp4+ meningeal cells are biallelic ( Figure 5B ). We investigated these apparent cell-type-specific allelic effects with two independent approaches. First, Bmp7+ cells in the ARN region exhibit monoallelic expression by nascent RNA in situ hybridization in Bmp7 +/+ mice ( Figure 5C ) and by mRNA in situ hybridization in Bmp7 +/LacZ mice ( Figure 5D ). In contrast, in meningeal cells, nascent RNA in situ revealed predominantly biallelic Bmp7 expression ( Figure 5C ), and most meningeal cells expressed both the WT Bmp7 and MT LacZ mRNA in Bmp7 +/LacZ mice ( Figure 5D ). Therefore, two independent methods indicate that DAEEs can be regulated in a celltype-specific manner in the brain.
Notably, major changes to the proportion of monoallelic-MT and monoallelic-WT cells in reciprocal heterozygotes were not observed, ruling out imprinting as a plausible mechanism (Figures S6A-S6C) . In addition, we tested whether ectopic expression of the LacZ transgene could be occurring by comparing the numbers of WT-allele-expressing cells in B6 control mice to the total numbers of monoallelic-MT, monoallelic-WT, and biallelic cells in the heterozygotes. No significant difference was observed ( Figures S6E and S6F ), indicating that the LacZ allele is not ectopically labeling an additional cell population. Overall, DAEEs can shape genetic architecture at the cellular level in the brain.
Non-genetic DAEEs Exist in the Primate Brain
Our screen uncovered diverse non-genetic allelic effects in the mouse brain, but we do not know whether similar effects exist in the primate brain. Therefore, we analyzed allele co-expression in the DRN region of cynomolgus macaques (Macaca fascicularis), which are a well-established primate model for humans with a highly polymorphic genome (Higashino et al., 2012; Yan et al., 2011) . For ten mother-father-daughter triads, we identified polymorphic sites that can discriminate maternal and paternal alleles in the daughters by performing whole-genome sequencing on DNA extracted from blood samples from the parents for each triad ( Figure 6A ). Next, to measure allelic expression in the daughters, we performed whole-transcriptome profiling on DRN RNA extracted from juveniles (3 to 20 months of age) (Figure 6A and STAR Methods) .
We are able to analyze allele co-expression for 821 autosomal genes and 17 X-linked genes because they have allele-discriminating SNPs in all ten daughters (Table S4) . For these 838 genes, we calculated the r a statistic and uncovered autosomal genes with putative allele CoEEs, such as AGAP1, or DAEEs, such as CNTN1 ( Figure 6B ). However, unlike inbred mice, apparent DAEEs could arise in primates due to genetic variation in regulatory elements. Therefore, we modified our statistical framework to estimate the impact of genetic variation, biological variation, and technical noise in our primate data, and we defined the r ab 95% CI for the ground-truth, non-genetic allelic effects exhibited by each gene (see STAR Methods).
We found that the r ab 95% CIs for X-linked genes have reduced values compared to autosomal genes; this is consistent with random monoallelic effects ( Figure 6C ). Most X-linked genes (88%) have an upper-bounded r ab 95% CI less than or equal to +0.75, indicating a threshold for high-confidence primate DAEEs. We found that two autosomal genes (0.2% of autosomal genes tested) meet this threshold: RBM48 (RNA binding motif protein 48) and HTT (Huntingtin) (Figures 6C and 6D) . RBM48 is a protein-coding gene with largely unknown functions, while HTT is mutated in Huntington's disease (HD). HD is an autosomal-dominant disorder, and epigenetic allelic effects for HTT could potentially have important implications. We did not identify significant imprinting effects for any of the 838 genes (5% FDR threshold), indicating that the DAEEs are not due to genomic imprinting. Therefore, DAEEs are a conserved phenomenon between mice and primates. In addition, we identified 213 autosomal genes with high-confidence allele CoEEs ( Figure 6C ). By considering our results as a random sampling of the 13,030 annotated autosomal genes expressed in the juvenile macaque DRN, we estimate a genomewide total of 26 and 3,387 genes with high-confidence DAEEs and CoEEs, respectively.
In our analysis of the primate data, we identified 68 genes with an upper-bounded r ab 95% CI % +0.95 ( Figure 6C , yellow CIs). These genes do not meet the criteria for high-confidence DAEEs; however, since 92% of autosomal genes have an upperbounded CI equal to +1 (Figure 6C ), an upper bound of less than +0.95 suggests at least partial non-genetic DAEEs. In support of this interpretation, we observed that two X-linked genes also have an upper bound of less than +0.95 ( Figure 6C ). We call these putative DAEEs to distinguish them from the more robust DAEEs detailed above. For example, NARS and TPNC1 exhibit putative DAEEs, which are clearly distinct from both the allele CoEEs exhibited by ABCA1 and the uncategorized allelic effects for ATP1A3 and ABAT that involve an upper r ab CI equal to 1.0+, like most genes ( Figure 6D ). Genes with putative DAEEs do not exhibit reduced expression levels compared to genes with allele CoEEs or uncategorized genes ( Figure 6E ), indicating that their allelic effects are a distinguishing feature. We estimate a genome-wide total of 1,042 autosomal genes (8%) with putative DAEEs in the primate DRN, and we investigate these in detail below.
To test whether allelic effects are conserved at the gene level between primates and mice, we identified non-imprinted, autosomal genes with allelic expression data and orthologs in both species. We derived the median r ab value for each gene from the P15 mouse DRN and juvenile primate DRN r ab 95% CI modeling data. A partial correlation analysis comparing these median r ab values between the two species after controlling for gene expression levels did not uncover a statistically significant correlation ( Figure 6F ). Indeed, neither RBM48 nor HTT exhibit DAEEs in the mouse, and only six genes with putative DAEEs in the primate exhibit DAEEs in the mouse ( Figure 6G ). We did find a statistically significant overlap between the two species for the genes with allele CoEEs ( Figure 6G ). In summary, DAEEs exist in the primate brain, but largely impact different genes than in the mouse. Putative DAEEs Impact Genes Linked to Mental Illness in the Macaque and Human Brain Having determined that DAEEs exist in the primate DRN, we set out to test whether genes that are risk factors for mental illness are impacted. Using the DisGeNet Database (Bauer-Mehren et al., 2010), we identified risk genes for six different major forms of mental illness, including autistic disorders (ASD), schizophrenia (SCZ), bipolar disorder (BP), unipolar depression (UD), intellectual disability (ID), and attention deficit hyperactivity disorder (ADHD). Among the 821 autosomal genes analyzed in the primate DRN, we found high-confidence DAEEs or putative DAEEs for 7% of the 33 ASD risk genes analyzed, 4% of the 51 BP risk genes, 15% of the 33 ID risk genes, 10% of the 103 SCZ risk genes, 26% of the 15 UD risk genes, and 13% of the 23 ADHD risk genes ( Figure 7A ). We also identified subsets of risk genes with allele CoEEs ( Figure 7A ). Overall, putative DAEEs impact some mental illness risk genes in the primate brain.
We sought to test whether putative DAEEs are associated with an increased prevalence of monoallelic brain cells and simultaneously to determine whether the results from our macaque study are relevant to the human brain. We focused on two genes, DEAF1 and CNTNAP2. DEAF1 exhibits putative DAEEs in the macaque DRN ( Figure 7B ) and is linked to autism, language impairment, and intellectual disability in humans (Rajab et al., 2015; Vulto-van Silfhout et al., 2014) . CNTNAP2 exhibits a trend toward allele CoEEs in the macaque DRN ( Figure 7B ), exhibits high-confidence allele CoEEs in the mouse DRN ( Figure 2G ), and is also linked to autism, language impairment, and intellectual disability in humans (Alarcó n et al., 2008; Arking et al., 2008) . Using nascent RNA in situ hybridization, we contrasted the allelic expression of these two autism genes at the cellular level in post-mortem human brain tissue for four brain regions from control adult females aged 49 to 68 years. The brain regions we studied are implicated in ASDs (Amaral et al., 2008) and include the DRN (n = 5), orbitofrontal cortex (OFC) (n = 5), anterior cingulate cortex (ACC) (n = 12), and Broca's Area (BA) (n = 5) ( Figure 7C ).
We first tested whether allelic effects are consistent or variable between different individuals by counting the number of monoallelic versus biallelic CNTNAP2+ and DEAF1+ cells in 1 cm 2 sections of the ACC for twelve unrelated females. The results reveal that the total number of positive cells per cm 2 is highly variable between individuals, but hundreds to thousands of positive cells could be analyzed for allelic expression in each individual, with the exception of four brains that did not have DEAF1+ cells in the ACC ( Figure 7D ). Positive controls confirmed that the RNA was intact for each sample (not shown). We found that $80% of DEAF1+ cells in the ACC are monoallelic, while only $13%-30% of CNTNAP2+ cells are monoallelic, and the majority are biallelic in each individual ( Figures 7C and 7D ). Therefore, for at least some cases, genes with putative DAEEs are associated with more monoallelic brain cells than genes that do not exhibit these effects, and the effects are reproducible between individuals, indicating that genetic variation in regulatory elements is not causing the effects. We extended our analysis to include different brain regions, including the DRN, OFC, and BA, and found that DEAF1 exhibits monoallelic expression in $80% of cells in each brain region ( Figure 7E ). However, for CNTNAP2, we found a statistically significant main effect of brain region (p < 0.0001, one-way ANOVA). We learned that the proportion of monoallelic CNTNAP2+ cells is greater in the OFC than in the ACC and BA and is greater in the DRN than in the ACC ( Figure 7E ). By performing co-labeling between CNTNAP2 and the biallelic neuron marker gene SYN2, we found neuronal nuclei with biallelic SYN2 expression and monoallelic CNTNAP2 expression ( Figure 7F ), indicating potential monoallelic CNTNAP2+ neurons. In addition, we identified a small subpopulation of biallelic DEAF1+ neurons ( Figure 7F ). Overall, our results uncover non-genetic allelic effects in the primate brain that can impact genes linked to mental illness and differ between cells and brain regions.
DISCUSSION
Epigenetic ASE effects, such as random X inactivation and genomic imprinting, can profoundly influence the genetic architecture of human disease and brain disorders, though the spectrum of non-genetic ASE effects that exist in vivo has been unclear. Here, we devised a genomics and statistical framework to perform in vivo screening for diverse non-genetic allelic effects in the mouse and primate brain. By screening for allelic effects at different developmental stages and in different brain regions and tissue types in the mouse, we uncovered hundreds of autosomal genes with high-confidence DAEEs or AAEEs that are not due to genomic imprinting or genetic variation and are reproducible by pyrosequencing. Remarkably, DAEEs are revealed to be highly prevalent in the neonatal brain, while allele CoEEs are more prevalent at later developmental stages. At the cellular level, genes with DAEEs or AAEEs are associated with more monoallelic brain cells, while genes with allele CoEEs are associated with more biallelic brain cells. We determined that DAEEs interact with inherited heterozygous variants to cause mosaics of monoallelic-MT, monoallelic-WT, and biallelic brain cells in vivo. These effects can be cell type specific, since meningeal cells exhibit biallelic expression for Bmp4 and Bmp7, while other brain cell populations are predominantly monoallelic. Finally, from a genomics study of macaque parent-offspring triads and a histological study of human brain tissue sections, we provide evidence that non-genetic autosomal DAEEs that are not due to imprinting exist in the primate brain, impact genes linked to mental illness, and are associated with reproducible, monoallelic expression effects at the cellular level. Our findings have potential implications for brain genetics, as discussed below.
Potential Mechanisms Regulating AAEEs, DAEEs, and Allele CoEEs
The mechanisms underlying most of the different allelic effects we uncovered are currently unclear. Moreover, the relationship between the AAEEs and DAEEs defined in vivo in our study and the autosomal random monoallelic effects that have been described in cell lines is also unclear (Eckersley-Maslin et al., 2014; Gendrel et al., 2014; Gimelbrant et al., 2007; Jeffries et al., 2013; Zwemer et al., 2012) . Some random monoallelic genes identified in mouse neuronal progenitor cell lines (Gendrel et al., 2014) have significantly reduced r a values in our mouse brain data and may exhibit ASE effects in vivo in the post-natal mouse DRN, but many do not (Table S3 ). More striking is that we show DAEEs to be highly prevalent in the developing neonatal brain, while allele CoEEs are more prevalent at later developmental stages, and that random monoallelic effects in embryonic stem cell lines were previously shown to increase in frequency following differentiation into neural progenitors (Eckersley-Maslin et al., 2014; Gendrel et al., 2014) . Thus, our in vivo findings and previous in vitro studies both indicate that developmental gene expression programs involve complex epigenetic, allelic effects that might shape the impact of genetic variants on cell differentiation and survival during brain development. We found that very few autosomal genes exhibit high-confidence AAEEs in vivo; however, AAEEs are relatively prevalent for X-linked genes, as expected for random X inactivation. Our data, therefore, indicate that autosomal, random monoallelic effects that are similar to X inactivation are very rare in vivo. These findings are potentially consistent with a recent study using single-cell RNA-seq; it concluded that the clonal random monoallelic effects observed in some cell lines are rare in primary fibroblasts and T cells (Reinius et al., 2016) . In the future, in vivo lineage-tracing studies could more directly investigate the clonal relationships between cells with AAEEs, DAEEs, or allele CoEEs for specific genes in the brain.
The mechanisms regulating random monoallelic effects in cell lines are resistant to perturbations of DNA methylation and some histone modifications (Eckersley-Maslin et al., 2014; Gendrel et al., 2014) . We found similar results for some of the DAEEs uncovered in our study (W.-C.H. and C.G., unpublished data). Nuclear architecture and chromatin looping may play important roles in regulating DAEEs versus allele CoEEs. CTCF and cohesin-mediated chromatin looping is required for genomic imprinting (Prickett et al., 2013 , and references therein) and for the monoallelic expression of clustered protocadherins (Guo et al., 2012; Hirayama et al., 2012; Monahan et al., 2012) . Additionally, allelic competition for enhancers contributes to the monoallelic expression of ORs (Markenscoff-Papadimitriou et al., 2014) and is also a plausible mechanism for DAEEs in our data. Overall, while genome architecture is cell type specific and probabilistic in nature (Cavalli and Misteli, 2013) , little is known about allele architecture in specific brain cell populations. Advances in our ability to model sources of variance in RNA-seq data may further enhance the detection of non-genetic allelic effects using our approach, and new studies are needed to examine the temporal stability and mechanisms regulating the different allelic effects we uncovered.
The Functional Significance of Diverse Non-genetic Allelic Effects in the Brain
The functional significance of AAEEs, DAEEs, and CoEEs can be contemplated in the context of brain disorders and disease risk or as a biological mechanism of in vivo gene regulation. With respect to the former, mental illnesses are phenotypically variable and involve heterozygous variants and multiple genes; often, the same gene is implicated in different disorders (Gratten et al., 2014; McCarroll et al., 2014) . Complex interactions between cellular non-genetic ASE effects and heterozygous genetic variants might be an important factor in shaping mental illness. Future studies are needed to determine whether the prevalence, identity, and location of monoallelic-MT cells in the brain can shape behavioral phenotypes in heterozygous mutant animals. Further, if environmental factors can change ASE effects, then complex interactions between environmental effects, allele genotype, and ASE effects may also have phenotypic consequences.
The potential in vivo functions of AAEEs, DAEEs, and CoEEs are unclear. Monoallelic expression is thought to come at an evolutionary cost to offspring fitness, since diploidy masks the effects of recessive mutations (Otto and Goldstein, 1992) . We found that DRN autosomal genes with developmentally stable DAEEs are significantly enriched for DNA repair functions (data not shown). Genes with AAEEs or DAEEs are not expressed at lower levels than other autosomal genes and are not likely to play important roles in regulating gene dosage. In contrast, genes with allele CoEEs have elevated expression, indicating that promoting coordinated allelic expression could increase gene levels. The increased prevalence of DAEEs in the neonatal mouse DRN and cerebellum corresponds well with the peak of cell death in the developing brain (Ahern et al., 2013) and might increase genetic diversity for cell selection during periods of cell pruning. Other various functional roles for autosomal monoallelic effects have also been proposed (Chess, 2012) , and in some cases, the phenomenon may simply reflect underlying genome architecture. Finally, our study uncovered significantly increased allele co-expression for X-linked genes in the juvenile and adult female brain compared to the neonatal brain or adult liver and muscle. Previous studies indicated a special role for X-linked genes in regulating brain function and cognition (Nguyen and Disteche, 2006 , and references therein), and future studies that uncover the cellular basis of the developmental Significantly more monoallelic CNTNAP2+ cells were also observed in the DRN than in the ACC. Brain region differences in the percentage of monoallelic DEAF1+ cells were not observed. *p < 0.05, **p < 0.01, ***p < 0.0001. (F) Double-allele-specific in situ hybridization labeling for CNTNAP2 or DEAF1 (blue staining) and the neuron marker control gene SYN2 (red staining) revealed subpopulations of monoallelic CNTNAP2+ neurons that exhibit biallelic SYN2 expression in the human brain. In addition, subpopulations of biallelic DEAF1+ neurons were also identified in the human brain.
changes to X-linked allele co-expression in the female brain may reveal important new aspects of gene regulation on the X chromosome.
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EXPERIMENTAL MODEL AND SUBJECT DETAILS Mouse Lines and Breeding
All mouse experiments were performed in accordance with protocols approved by the University of Utah Institutional Animal Care and Use Committee. B6, Cast and Adora2b +/LacZ mice were obtained from the Jackson Laboratory. Bmp7 +/LacZ and Bmp4 +/LacZ mice have been previously described (Godin et al., 1998; Lawson et al., 1999) . P0 is the day of birth. Adult mice in our study are 8-12 weeks of age. Female mice are analyzed in all cases, so that random X inactivation serves as an internal control. Mice were maintained on 12 hr light/dark cycle and given water and food ad libitum (Harlan Tecklad rodent diet 2920X; Madison, WI.). Cage bedding was Paperchip bedding (Shepherd Specialty Paper) and animals were housed with sex-matched littermates (2-5 mice per cage) and weaned at P21.
Macaque Brain Tissue
All primate experiments were performed in accordance with protocols approved by the Wake Forest University School of Medicine Institutional Animal Care and Use Committee. DRN brain tissue was obtained from juvenile cynomolgus macaque females for RNAseq analysis by micro-dissection from frozen brain tissue slabs. DRN micro-dissections included the ventral PAG region. Blood samples were obtained from the parents for each daughter for DNA extraction and genome sequencing. Detailed information for each sample is provided in Table S4 . 
Human Brain Tissue
METHOD DETAILS
Mouse and Primate Analysis of DAEEs RNA-seq in reciprocal F1 Cast 3 B6 hybrid mice was performed as detailed previously (Bonthuis et al., 2015) . For the macaque DRN, RNA was extracted using the QIAGEN RNeasy Kit and whole transcriptome sequencing was performed using the RiboZero TruSeq Stranded Total RNA Library Prep Kit (Illumina). Mouse and primate DRN micro-dissections included the ventral PAG region. Whole genome sequencing of the parents was performed using the TruSeq DNA PCR-free Library Prep Kit (Illumina). Primate transcriptome and genome sequencing involved performing 100bp paired-end read sequencing on a HiSeq 2500 (Illumina). Data analysis was performed using GATK and custom software as detailed below. Metrics for all genomics experiments are presented in Table S4 . The number of biological replicates for each mouse tissue RNA-seq experiment are: P5 female DRN (n = 14 (7 replicates per F1cb/ F1bc cross)), P15 female DRN (n = 14 (7 replicates per F1cb/F1bc cross)), adult female DRN (n = 18 (9 replicates per F1cb/F1bc cross)), arcuate nucleus (ARN) of the hypothalamus (n = 18 (9 replicates per F1cb/F1bc cross)), adult female liver (endoderm-derived, n = 16 (8 per F1cb/F1bc cross)) and adult female skeletal muscle (mesoderm-derived, n = 16 (8 per F1cb/F1bc cross)), P8 cerebellum (n = 12 (6 per F1cb/F1bc cross)), and P60 cerebellum (n = 12 (6 per F1cb/F1bc cross)).
Analysis of Non-genetic Allelic Effects by RNA-Seq in the Mouse
The DRN (dorsal raphe nucleus) was micro-dissected from P5, P15 and adult female F1i and F1r hybrid mice, as described previously (Bonthuis et al., 2015) . The DRN dissections include portions of the ventral periaqueductal gray. RNA was extracted using the RNAeasy Micro Kit (QIAGEN). RNA was pooled from 4-10 offspring from at least three different litters to provide $3 ug of total RNA for each biological replicate. Samples were prepared by the University of Utah High-Throughput Genomics core facility with Illumina TruSeq RNA Sample Prep v2 with oligo dT selection for HiSeq 59 Cycle Single-Read Sequencing v4 and sequenced on an Illumina HiSeq 2500 (Illumina). For adults, 9 F1i and 9 F1r biological replicates were performed, for P15 and P5, 7 F1i and 7 F1r biological replicates were performed. Datasets for the adult female ARN, liver and muscle have been previously described (Bonthuis et al., 2015) .
To examine allele co-expression in mice, Cast and B6 allele read counts were normalized to counts per million (CPM) using EdgeR (Robinson et al., 2010) . Normalization factors were calculated for the sum of both alleles and then applied to the alleles counts separately. The mouse cerebellum allelic RNA-seq dataset was obtained from Perez et al. (2015) 's published dataset (GEO: GSE67556). To remove cross effects in our allele expression data, the allele expression data was centered for each gene by subtracting the mean Cast and B6 allele expression level from the actual Cast and B6 allele expression data, respectively, for each cross. Centered values were whitened by dividing by the standard deviation of parental allele expression. After centering and whitening ( Figure 1B) , Pearson correlation coefficients (r a values) were computed for maternal and paternal allele co-expression for each gene.
Genes differ in terms of expression level and biological variance characteristics, and the allele expression correlation values (r a values) for genes with low expression and little variance will be more susceptible to the effects of technical noise than genes with high expression and high biological variance. To address this problem, we devised an empirical Bayesian approach to estimate the 95% confidence interval (CIs) for the ground-truth, biological r a value for each gene (r ab ). For each dataset, we categorized genes according to their expression level characteristics by defining 100 different expression level quantiles in our RNA-seq data (Figure S1A ). Next, we categorized genes according to their variance characteristics by calculating the biological coefficient of variance (BCV) from the RNA-seq replicates for each gene based on the SNP aligning reads using the edgeR statistical package (Robinson et al., 2010) . From the BCV for each gene in the data, we defined 20 quantiles of genes based on the BCV values for each dataset ( Figure S1B ). Therefore, for each age or tissue type RNA-seq dataset, we defined a total of 2000 different expression level 3 BCV conditions (100 3 20) that represent the different expression characteristics of the genes.
For each of these 2000 different conditions, we modeled the impact of biological variance (gamma distribution) and RNA-seq technical noise (Poisson distribution) on ground-truth r ab values ranging from À1 to +1 (in 0.05 increments). In our approach, we simulated maternal and paternal reads for each of the RNA-seq replicates for each r ab value based on the gamma distribution with mean expression and BCV characteristics that are appropriate for the expression level 3 BCV condition to be modeled. We then simulated the effects of RNA-seq technical noise by performing Poisson resampling of the initially simulated reads. These two steps are iterated 10,000 times, which generates a distribution of observed r a values for each one of the ground-truth r ab values modeled (from À1 to +1 in 0.05 increments). We perform this entire modeling procedure for all 2000 expression 3 BCV conditions in the data. Our approach is based on studies that showed that technical variance in RNA-seq data is accurately modeled by the Poisson distribution (Bullard et al., 2010; Marioni et al., 2008; Oberg et al., 2012) , and that combined biological + technical variance can be modeled using the negative binomial distribution (Anders and Huber, 2010; Oberg et al., 2012; Robinson et al., 2010) . Similar to our approach, the negative binomial is a gamma-Poisson mixture distribution.
The goal of our modeling is to be able to define the 95% CI for the ground-truth r ab statistic for any observed r a value in our RNA-seq data. In order to achieve this goal, we tallied the number of times each r a value was observed from the modeling results for each ground-truth r ab . These results were assembled into frequency tables in which the x axis is the ground-truth r ab value and the y axis is the observed r a values derived from the modeling. One table was assembled for each of the 2000 expression 3 BCV conditions. Thus, for any observed r a value in our RNA-seq data, we look up the table with the corresponding expression 3 BCV characteristics of the gene, identify the row for the observed r a value and extract the data for the entire row, thereby providing the frequency distribution of ground-truth r ab values from which we define the r ab 95% CI for the gene.
In the final step of our procedure, we weight the frequency distributions in the tables based on an empirically determined prior probability distribution. We expect that most X-linked genes will exhibit low r ab values due to random X inactivation in the female brain, and most autosomal genes will exhibit relatively high r ab values due to biallelic expression. Indeed, the observed r a values in our RNA-seq results are consistent with this expectation, since the distribution for autosomal genes peaks near +1.0, while the distribution for X-linked genes peaks near 0, or for some datasets peak at a negative r a value ( Figure S1C ). To reflect this prior knowledge, we reweight the modeled data tables according to a Beta distribution, ranging from À1 to +1 (in 0.05 bins), with parameters derived from the distribution of observed r a values for autosomal or X-linked genes ( Figure S1D ). This prior has little impact on most of the data, but changes the CIs for autosomal and X-linked genes with the lowest expression and variance characteristics by shifting the CIs toward the overall trend in the data ( Figure S1D ). We found that we cannot reliably model genes with a mean SNP-aligning read expression level of 0.2 counts per million (CPM) or less, and removed these genes. In addition, in the mouse studies, genes that monoallelically express Cast or B6 alleles due to genetic effects were filtered from the datasets.
Analysis of Non-genetic Allelic Effects by RNA-Seq in the Macaque For the macaque study, RNA was extracted from micro-dissected fresh frozen brain tissue sections of the macaque DRN and ventral periaqueductal gray region using the QIAGEN RNeasy Kit. Whole transcriptome sequencing was performed using the RiboZero TruSeq Stranded Total RNA Library Prep Kit (Illumina). For parental genome analysis, whole genome sequencing of the parents was performed on DNA extracted from blood samples using the TruSeq DNA PCR-free Library Prep Kit (Illumina). Metrics for all genomics experiments are presented in Table S5 . Primate transcriptome and genome sequencing involved performing 100bp paired-end read sequencing on a HiSeq 2500 (Illumina). Data analysis was performed using GATK and custom software as detailed below.
The genomes of the parents in the Crab-eating macaque (Macaca fascicularis) study were sequenced and aligned to the macFas5 genome using Novoalign (Novocraft Technologies). These parental genomes were genotyped using the GATK Unified Genotyper. The resulting variant calls were used to identify SNPs that are potentially heterozygous in the offspring. This information was incorporated into individualized transcriptome indices in which IUPAC codes indicated the ambiguity of SNPs that might be heterozygous in the offspring allowing for an unbiased daughter transcriptome alignment, which was also performed with Novoalign. Daughter RNA-seq reads containing heterozygous SNPs were counted as maternal or paternal reads using a custom pysam-based python script that accounts for the parental genotypes and the daughter genotype apparent in the transcriptome alignment. Maternal and Paternal distinguishing reads for 838 genes with distinguishing SNPs in all 10 daughters were summed for each gene and CPM normalized using EdgeR (Robinson et al., 2010) . The allele expression levels were centered by subtracting the mean expression level. Pearson's correlation values were calculated across the 10 daughter macaques and confidence intervals for each gene were estimated based on gamma-Poisson resampling of the data as detailed above for the mouse data.
Estimation of the Effects of Genetic Variation on AAEEs, DAEEs, and Allele CoEEs in the Primate Brain To estimate the impact of genetic variation in cis-regulatory regions for the primate data, we performed the following analysis. To begin, we sought to estimate the proportion of genes with genetic effects on allelic expression in each daughter. Our approach takes advantage of data in F1cb and F1bc F1 hybrid mice, for which we know the identity of the genes with genetic allelic effects. In these mice, the genes are impacted in the same manner in each individual, since the animals are derived from crosses of inbred lines and there is very little genetic variation. Previously, we identified all genes in F1cb and F1bc mice with statistically significant Cast versus B6 allele expression biases in the female mouse DRN (Bonthuis et al., 2015) . We determined that 68% of all expressed genes (10,421 genes in total) in the F1cb and F1bc mouse DRN have a significant strain genetic effect (Cast or B6 allele bias). We sought to express this effect as a function of the amount of genetic variation in putative functional non-coding regulatory regions in the genome, in order to use this ratio to estimate the proportion of genes impacted by genetic effects in each primate daughter. Promoter regions are noncoding regulatory elements that are often defined as the region 2kbp upstream of a transcriptional start site (He et al., 2014) and can be defined in both mice and macaques. In contrast, enhancers are not well annotated in cynomolgus macaques; therefore, for the purposes of estimating genetic variation in noncoding regulatory elements in each species, we focused on promoter regions in the mouse and macaque genome, defined as the sequence 2 kpb upstream of a transcriptional start site. We then analyzed genetic variation within these regions in F1cb/F1bc mice and in each macaque daughter.
For the mice, Cast versus B6 genome sequence variants were obtained from the Sanger Mouse Genome Project vcf files. From these files, we identified all Cast/B6 variant sites and intersected the sites with the bedfile of mouse promoter regions. The analysis revealed a variant rate of 8.11 variants per kb in putative regulatory elements (VR reg ) for the Cast versus B6 genome contrast. We can therefore express the percentage of genes with genetic allelic effects (P GE ) in the mouse as a function of the VR reg , 68% P GEðMouseÞ 8: 11 VR reg With this data for the mouse, we can use the maternal and paternal genome sequences for each primate daughter to determine VR reg and then estimate the P GE for each primate daughter. Our approach assumes that species/individuals with more genetic variation in promoter regions throughout the genome will have more genes with genetic allelic effects as compared to species/individuals with less genetic variation. Based on this assumption, and our above analysis of Cast 3 B6 F1 hybrid mice, we estimated the percentage of genes that are expected to have significant genetic allelic effects in each of the macaque daughters, as follows. We used the genome sequence data we generated for each of the macaque mothers and fathers to compute the VR reg for each daughter (Table S5) . From this value and the mouse data, we estimate the percentage of genes with genetic allelic expression effects (P GE ) in each of the ten daughters as follows: P GEðMouseÞ = P GEðPrimateÞ VR regðMouseÞ VR regðPrimateÞ :
Next, we estimate the probability that a single gene will have a genetic effect (P GE ) in each daughter (Table S5) . Future studies that map various regulatory elements in the mouse and macaque genomes may be able to refine this estimation, which is currently based on promoter regions only.
Having estimated the proportion of genes with genetic allelic effects in each daughter, we next sought to estimate the magnitude of the genetic allele expression bias exhibited by each impacted primate gene. This estimation is also derived from the mouse data. As noted above, we have identified genes in F1cb and F1bc mice with significant Cast or B6 allele expression biases due to cisregulatory genetic differences between Cast and B6 mice (Bonthuis et al., 2015) (FDR 5%, data presented in Table S6 ). In addition, we determined the fold Cast or B6 allele expression bias due to genetic effects for each significantly impacted gene (Table S6 , see log2 fold allele bias column). We use these results as a representation of the distribution of the allelic effect sizes expected in the primate due to genetic variation. Thus, by working from mouse data for which the allelic effects are well controlled and easily interpreted, we are able to estimate both the probability of a genetic effect for a given gene in each primate daughter and the magnitude of the resulting allelic expression bias. As detailed below, we introduce these parameters into our empirical Bayesian modeling procedure to estimate the impact of genetic variation on our confidence on the underlying non-genetic r ab value for each gene in our primate data.
Similar to our modeling approach to define the r ab 95% CI for the mouse, our statistical modeling for the primate involves first seeding reads for a non-genetic, ground-truth allele correlation, r ab , which is performed based on the gamma distribution to simulate biological variance. The reads are seeded with a mean and variance determined from the expression level and BCV computed from the primate gene expression data. Reads are seeded for ten replicates representing each of the ten primate daughters. Next, we introduce genetic effects into the simulated data. For each of the ten daughters, we randomly assign each daughter a score of 1 (genetic effect) or 0 (non-genetic effect) using a binomial distribution weighted according to the estimated probability of a gene having a genetic effect in that daughter (Table S5) . If the daughter draws a genetic effect, one allele is randomly selected and multiplied by a fold allele expression bias drawn at random from the distribution of Cast versus B6 allele expression biases in the mouse, thereby introducing the estimated genetic effect into the data. This procedure is performed for each of the ten primate daughters. Once the genetic effects have been introduced, Poisson resampling is performed to model the effects of RNA-seq technical variance and the observed r a value is calculated from the data. This entire procedure is iterated 10,000 times for each gene, generating a distribution of observed r a values that reflects the effects of biological variation, genetic variation and technical noise in the data. This modeling procedure is repeated for all ground-truth, non-genetic effect r ab values from À1 to +1 in 0.05 increments. The method provides a look up table of observed r a values (y axis) and corresponding ground-truth, non-genetic r ab values (x axis). For the primate, since we only have 838 genes to model, rather than working from expression level and estimated BCV quantiles as was done in the mouse, we generate one lookup table for every gene based on the mean expression level and BCV for that gene. With these tables, we define the 95% CI for the ground-truth, non-genetic r ab for each gene in the primate.
Examination of Genomic Imprinting in the Mouse and Primate Brain
Genomic imprinting analysis was performed using the generalized linear modeling function in edgeR to test for a main effect of the parental origin of the allele (mice: (read count $strain-of-origin + parent-of-origin); primate: (allele read count $parent-of-origin)), as previously described (Bonthuis et al., 2015) . P values were adjusted for multiple testing using the BH method. For mice, the false discovery rate (FDR) threshold for imprinting effects was set to 1%. For the primate datasets, we did not identify any genes with significant imprinting effects at either the 1% or the 5% FDR thresholds. Metrics for all genomics datasets are in Table S4 .
Examination of the Conservation of Non-genetic Allelic Effects between Mice and Primates at the Gene Level For each gene, we estimate the ground-truth, non-genetic r ab 95% CI for allelic effects and from our modeling tables for CI estimation we are able to define the median r ab value for each gene. The median r ab value is the best single value to represent the underlying nongenetic allelic effect for a gene. Therefore, for primate genes analyzed for allelic effects we compare the juvenile primate median r ab value to the juvenile mouse median r ab value for the mouse ortholog of the gene. If the effects are well conserved between the two species, we expect the median r ab values to be correlated after differences in expression level have been controlled for. To do this comparison, we calculated the partial correlation coefficient for the non-parametric Spearman Rank statistic using the pcor.test function in R.
Nascent RNA and mRNA In Situ Hybridization Analysis Nascent RNA in situ hybridization analysis was performed using RNAscope probes and HD 2.5 staining kit (Advanced Cell Diagnostics) as previously described (Bonthuis et al., 2015) . RNAscope in situ hybridization for mRNA was performed using the labeling across the tissue for the internal control probe were not included in the analysis. Blind quantifications were performed for cell counts comparing monoallelic and biallelic cells in brain tissue sections from animals at different ages (Figure 3) . A power analysis for the cell quantification experiments was not performed.
DATA AND SOFTWARE AVAILABILITY
The BAM files for the adult mouse DRN, ARN, liver and muscle were published previously (Bonthuis et al., 2015) . The data for the cerebellum was published previously (Perez et al., 2015) . The P5 and P15 mouse DRN RNA-seq BAM files and macaque genome and RNA-seq BAM files have been deposited to the GEO database. The accession number for the data reported in this paper is GEO: GSE93788.
